Abstract: A high resolution palmprint recognition system using full or partial, eventually degraded, palmprints is presented. Previous work on palmprint matching addressed mostly commercial applications, using low resolution images. However, in forensic scenarios, high resolution palmprints, although incomplete and/or degraded, are often used. Degradations may result from surface irregularities or impurities, which are often modelled as Gaussian or salt and pepper noise, as well as smearing of the palmprint because of hand sliding, which in this work is modelled as motion blur. The proposed system matches palmprints, full or partial, undegraded or subjected to one of the above degradations, against palmprints registered in a database. The proposed system extends previous work of the authors by adaptively selecting between two palmprint matching approaches, achieving better recognition results than either of the two individual strategies. The first approach relies on a motion blur compensation technique, while the second is based on a combination of the Fourier-Mellin transform with a modified phase-only correlation matching strategy. The presented results show that for sufficiently large palmprint areas the blur compensation technique works better, while for small-sized partial palmprints with large motion blur degradation values the second approach based on correlation is preferred.
Introduction
Biometric recognition is becoming increasingly used for personal identification in both forensic and commercial applications. The palmprint as a biometric trait is simple to acquire, is not easy to forge by impostors and is generally well accepted by society, because of not requiring invasive acquisition techniques. The texture of the palm of the hand is composed of friction ridges arranged in a unique pattern for each individual, which does not change significantly over time or with small cuts and bruises [1] . Therefore the palmprint as a biometric trait is considered to have good uniqueness and persistence characteristics.
In forensic scenarios, however, palmprints left by suspects in different surfaces (known as latent palmprints) are often of poor quality, notably because the prints are not acquired in a controlled environment. In many circumstances, they are not visible to the human eye before treatment and they may have been degraded and/or be incomplete. This makes palmprint recognition in this context particularly challenging. Some of the main difficulties that must be accounted for include: † Translation and rotation -Acquired palmprints and those registered in the database are not necessarily aligned. † Incompleteness -Palmprints acquired from crime scenes are often not complete. † Degradation -Depending on the environmental conditions and the way palmprints were created, they may present degradations, which are often modelled as Gaussian noise, salt and pepper noise or motion blur. † Intra-user variation -Depending on the hand pressure on the surface, hand humidity, stretchability, skin condition and contrast variations of acquired images, a significant variability among palmprint images of the same person can be expected.
Most of the published work developed for palmprint matching focuses on low resolution images, with usually around 100 pixels per inch (ppi). In forensic applications, however, high resolution images, of around 500 ppi, are used and thus more detailed information can be extracted from them, such as for example the ridge skeletons of the hand texture. Moreover, prints found in crime scenes are not left there on purpose, the environments are not controlled and therefore at the time of acquisition prints have usually been subjected to some degradation and they can be incomplete. A few high resolution palmprint matching techniques have been proposed in the literature, notably by Jain et al. [1] and Dai et al. [2] for full undegraded palmprints and Laadjel et al. [3] for partial palmprints. The techniques presented in [1, 2] search for interest points in the palm or for other spatial features, while in [3] correlation techniques are used to evaluate the similarity between subjects. More recently, Wang et al. [4, 5] and Capelli et al. [6] proposed minutiae-based recognition systems that perform local matching before computing global similarity scores. This paper presents a high resolution palmprint recognition system, relying on the adaptive selection of one of two techniques previously proposed by the authors [7, 8] , able to achieve better recognition results than either of the individual approaches. The proposed system can perform full-to-full, as well as partial-to-full, palmprint matching, considers incomplete and degraded prints and is thus able to deal with what could be found in forensic scenarios, where latent palmprints often have been subjected to at least one of the degradation types mentioned above.
In the technique proposed in [7] , a local adaptive filter or a median filter is used to handle Gaussian or salt and pepper noise, respectively. For motion blur compensation in high resolution palmprints, Carreira et al., [7] proposed a new technique based on the work of Brusius et al. [9] , originally developed for bar code reading using handheld devices. A technique for segmentation of the palm area in the image was additionally proposed with the objective of using features extracted only from areas that contain relevant biometric information. The proposal described in [8] combines the Fourier-Mellin transform (FMT) with a modified phase-only correlation (MPOC) matching strategy.
The system being proposed is tested using the THUPALMLAB database, created by Tsinghua University [10] and the PV-TEST databases [11] . The THUPALMLAB database includes data from 80 test subjects (i.e. images from 160 palmprints) containing eight registered images per palm. The image size is 2 040 × 2 040 pixels, with 8 bit/pixel and 500 ppi resolution. About 20% of the palmprints have poor quality, caused by a large amount of degradation, blur and incompleteness [12] . In addition, for this work, artificial degradation, noise or motion blur, were added to the original palmprint images, to create a set of further degraded test palmprints. Moreover, with the purpose of evaluating the system in the presence of partial palmprints, the original images were cropped into quarters, thus creating an additional 'partial' test set. As for the PV-TEST databases, the full palmprints database consists of eight images of 10 palms belonging to five subjects with size of 2552 × 2500 and a resolution of 500 ppi, while the partial palmprints database consists of four partial images of the palms of the same subjects.
The remainder of the paper is structured as follows. Section 2 describes the proposed system, able to adaptively select between the two mentioned recognition techniques. Section 3 presents results for matching undegraded and degraded, full and partial, palmprints. Section 4 concludes the paper and proposes future work directions.
Proposed system
The proposed system combines the recognition techniques presented by the authors in [7, 8] . Each of those techniques corresponds essentially to one of the branches of the proposed system architecture, as depicted in Fig. 1 . The criteria to select one or the other branch takes into account the degree of incompleteness and degradation of the palmprint sample being analysed.
The input palmprint is first pre-processed, to compute an estimate of the amount of degradation (in terms of motion blur) to which the palmprint under analysis has been subjected, as well as its amount of incompleteness. With this information, the selection module determines which path should be followed.
The top path in Fig. 1 corresponds to the technique proposed in [7] , referred to as the partial palmprint keypoint matching degraded recognition (PP-KMDR) technique. When this path is chosen, the palmprint that has already undergone noise removal and motion blur estimation is further processed. The bottom path in Fig. 1 corresponds to the partial palmprint rotation-invariant and DEgraded recognition (PP-RIDER) technique proposed in [8] . When this path is chosen, the raw unprocessed palmprint provided as input to the system is used for further processing.
Finally, the decision block provides the recognition result, according to either the results obtained using PP-KMDR or PP-RIDER, depending on which path was chosen.
The following sections further describe the modules depicted in Fig. 1 .
Pre-processing
The pre-processing module is responsible for determining the degrees of incompleteness and degradation of the sample palmprint. These values are used by the selection module to decide which technique to use for further processing.
Incompleteness estimation:
Latent palmprints, collected in crime scenes, are often incomplete because they are not left on purpose and the subject may have only partially touched a given surface. To roughly estimate the degree of incompleteness, this module basically determines the percentage of the whole palmprint that was effectively captured. This is possible because in this paper the palmprint image resolution is always the same and the palmprint sizes do not vary enough as to significantly compromise the rough estimate needed. Further insight on this issue is given in Section 2.3.3 Hand mask creation).
Noise removal:
Latent palmprints, collected in crime scenes, often become degraded between their creation and the moment of acquisition. In the pre-processing module, before estimating the amount of motion blur to which the palmprint has been subjected, the quality of the palmprints is enhanced by compensating the effects of the expected degradations as much as possible, to obtain a better estimate. In the noise removal module, two types of degradations are considered. Gaussian noise: To account for degradations introduced in palmprint images by uncontrollable factors during acquisition, such as surface irregularities, a Gaussian noise model can be used.
In this module, the impact of Gaussian noise can be minimised by using a 5 × 5 adaptive local noise reduction filter [13] , such as the one mentioned in (1), where g(x, y) stands for the noise corrupted image, m L and s 
Salt and pepper noise: Another kind of degradation appears in the lapse of time between a palmprint being left on a surface and its acquisition, when some impurities, such as dust, accumulate on the surface. This type of degradation can be modelled as salt and pepper noise. In the proposed solution, a 3 × 3 median filter is used to remove this type of noise, resulting in the introduction of a small amount of undesirable blur in the restored image [13] .
Motion blur estimation:
The displacement of the hand over the surface of acquisition introduces a degradation that can be modelled as motion blur, as illustrated in Fig. 2a . Since latent palmprints are left involuntarily in forensic scenarios, this type of degradation is often present.
Considering the principles of the technique proposed in [9] , a new technique for motion blur estimation and compensation was proposed by the authors in [7] and is used here. Although following principles similar to [9] , the proposed motion blur compensation technique implementation differs substantially.
It is assumed that blur in palmprints, because of the sliding of the hand, can be modelled as linear and uniform motion blur, since it resembles the relative motion between an object and a sensor during image acquisition [9] . Equation (2) represents the motion displacement x 0 and y 0 , in the x and y directions, respectively, with T being the duration of the exposure and, a and b the rates of displacement. Equation (3) shows the transfer function for two-dimensional (2D) linear motion blur [13] 
The length, l and the direction of the blur, θ, can be estimated by using a frequency domain transform of the palmprint image, the logarithmic centred power spectrum. Later, if the PP-KMDR technique is selected by the selection module, these estimated parameters will be used to compensate the motion blur. This transform is given by (4), where I and I 0 are the transformed and original images, respectively, as illustrated in Fig. 2
The transform of a motion blurred image is characterised by having a set of parallel stripes perpendicular to the blur direction, as shown in Fig. 2b . Moreover, the distance between stripes is inversely proportional to the blur length. By exploring these characteristics, it is possible to detect and later compensate, the blur in palmprint images. The proposed implementation uses six directional filters, similar to those adopted in [14] , to detect stripes in the transformed image. Each of these filters, represented in Fig. 3a , is convolved with the transformed image to obtain six new frequency domain images. The visibility of the stripes in the new images will depend on their direction. An image pyramid is then constructed using a low-pass filter and subsampling the images by a factor of two in each direction several times. The low pass filter used, from [14] , is illustrated in Fig. 3b .
The pyramid is used to select the best image to detect the stripes. Since smaller images contain fewer artefacts along the stripes, the smallest image that contains at least five stripes is selected. Then, stripes are obtained by thresholding the selected image, at 0.1 of its maximum intensity, and a directional 11 × 11 filter [14] , as illustrated in Fig. 3c , rotated to the stripes direction is applied to create a cleaner stripes image, unaffected by imperfections resulting, for instance, from spurious vertical and horizontal lines that may appear in the transformed image because of the 2D Fourier transform. The blur parameters l and θ can thus be estimated from the obtained image.
Selection
The selection module decides whether to use the PP-KMDR or the PP_RIDER strategy, depending on the degree of incompleteness and degradation of the palmprint being processed. A large set of tests were performed, in addition to the results provided in [7] and [8] , to understand how to create the selection module. Preliminary results showed that PP-KMDR performs better than the alternative PP-RIDER in most cases. However, for partial palmprints degraded with motion blur of length larger than 10 pixels, the PP-RIDER branch of the system is preferable. According to these conclusions, the selection module activates the PP-KMDR path, except for partial palmprints with large estimated motion blur degradation.
Partial palmprint keypoint matching degraded recognition technique
The PP-KMDR module involves motion blur compensation, followed by contrast adjustment, feature extraction and matching, which are detailed in the following sections.
Motion blur compensation:
Based on the blur parameters l and θ that have been previously determined, a deconvolution by Wiener filtering can be used to compensate the detected motion blur, according to (6) . Here F est (u, v) is the blur compensated image, G(u, v) is the degraded image, H(u, v) the blur model transfer function and K is a parameter found experimentally.
The rates of displacement a and b, needed for computing H (u, v), can be obtained from the estimated blur parameters l and θ, following (5), where D x and D y are the image dimensions. Owing to inaccuracies in the blur parameters estimation, it was observed that for low values of K the estimated image might contain artefacts, while for large K values the resulting images might still be a little blurred. Therefore as a compromise, the proposal is to set the value of K to 0.01
Contrast adjustment:
Owing to the lack of pressure of the hand over the acquisition surface, for either test and database palmprints, and because of the motion blur restoration process, the contrast of some palmprint images does not facilitate the extraction of features that are used for matching purposes. If the contrast of the image is poor, a contrast adjustment operation will help increase the number of keypoints that can be extracted.
A remapping of the pixel intensities is done to adjust the contrast of the image, so that 1% of the data are located at the lowest intensity value (0) and 1% at the highest (255). If the image is too bright or too dark, however, it is expected to have more than 1% of the data located at the extremes, in which cases, the percentage of data in the saturated extreme is kept. The rest of the data are redistributed towards the opposite extreme.
Feature extraction:
In the feature extraction module, sets of comparable features are extracted from the palmprint images. In PP-KMDR, the scale invariant feature transform (SIFT) algorithm is used to extract keypoints from the images. To exclude keypoints that may be located outside of the captured region of the palm, the contour of the detected hand is first determined to create a mask for this purpose. Keypoint extraction: SIFT is used to extract the location of keypoints in a palmprint image and to compute a descriptor for each of the keypoints. SIFT has been chosen among other descriptors [15] because of its invariance to translation and rotation. It also extracts more keypoints than, for instance, the speeded up robust features algorithm, which can be very important when the available palmprint area is small, as sometimes happens when dealing with partial palmprints or when the degradation is very intense and very few keypoints can be detected. The VLFeat open source library [16] implementation of the SIFT algorithm is used. This software allows the manipulation of some of the SIFT parameters, namely the 'peak threshold', to control the minimum contrast of a keypoint based on their difference of Gaussians and the 'edge response ratio', used to eliminate keypoints located over edges, which typically are poorly defined.
Preliminary tests were done to define the values for these parameters according to the incompleteness degree and degradation type and intensity of the input palmprints. A higher peak threshold leads to the detection of a lower number of keypoints, which will reduce the computation time not only in the feature extraction but also later in the matching module. Moreover, the higher the peak threshold is, the better defined the keypoints are. For the palmprints registered in the tested databases, the peak threshold value is set to 25. For test palmprints unaffected by motion blur it is set to 10, and for palmprints degraded with motion blur it is set to 5. When comparing palmprints degraded with motion blur against undegraded palmprints or palmprints degraded with noise, it was observed that typically a low number of keypoints are extracted. Therefore, in such cases, the peak threshold parameter needs to be set to lower values, to ensure that a sufficient number of keypoints can be extracted and used by the matching module. The edge response ratio is set to 5. Hand mask creation: The features, corresponding to the SIFT keypoints that will be used for matching, should be extracted only from image areas that belong to the palmprint. Keypoints from the background areas should be discarded as they contain no biometric information. The adopted solution involves the segmentation of the palmprint area, to limit the area where feature extraction will be performed. A binary mask is thus computed to exclude the image background, as well as any white areas inside the palmprint where no texture is available, as a result of the lack of contact between parts of the palm and the surface.
The mask is created by downsampling the original image and using a Gaussian filter to remove high frequency www.ietdl.org information, that is, the ridge pattern of the palmprint. Afterwards, a 9 × 9 entropy filter [17] is used to segment the two differently textured areas: the palm and the background. The initial Gaussian smoothing needs to be sufficiently strong to guarantee that further segmentation inside of the palmprint area is avoided. Eventually, the resulting palmprint area may appear as a set of disconnected components, depending on the hand pressure or the way it was positioned over the surface. In addition, small textured areas may remain in undesired areas, such as the background, because of the amount of observed noise. Some of these situations may be overcome by taking into account the size of these areas.
A hand mask is finally obtained by setting a security margin to the palm area to avoid considering spurious keypoints that may appear over the borders of the palmprint. For this purpose, a morphological erosion operation is applied. Two examples of computed hand masks for a test palmprint (left-hand side) and a registered palmprint (right-hand side) are shown in Fig. 4. 
Matching:
In the matching phase, the features of a test palmprint are compared with the features of the palmprints registered in the database. A matching score that quantifies the similarity between two palms is computed for each pair of images using the SIFT algorithm descriptors.
For each pair of images, correspondences between keypoints are made based on the Euclidean distance of the descriptors. The correspondence between the sets of keypoints is univocal, which means that if a keypoint from the database image is matched to more than one keypoint in the test image the operation is repeated until all test keypoints are matched or there are no more database keypoints available. The mean Euclidean distance of the matched keypoints' descriptors is taken as the final matching score. Fig. 4 illustrates the matching operation between a partial test palmprint and a palmprint registered in the database after applying the respective hand masks.
Partial palmprint rotation-invariant and degraded recognition technique
The PP-RIDER technique proposed by the authors in [5] , is a correlation based technique that combines the FMT [18] , followed by image alignment, with the MPOC technique [3] .
Fourier-Mellin transform:
FMT is an image registration technique, operating in the frequency domain, used to match images that have been translated, rotated and/ or scaled in relation to each other. The mathematical formulation of the technique is presented in (7), where f 1 and f 2 are the two images, x 0 and y 0 are the translation components and θ 0 is the rotation angle, and (8), which relates the two images in the frequency domain in polar coordinates and where Mag 1 and Mag 2 are the magnitudes of the Fourier transform of f 1 and f 2 . The rotation property is explored to align randomly rotated palmprints
Mag 2 (r, u) = Mag 1 (r, u − u 0 ) (8)
Image alignment:
After the rotation angle θ 0 has been determined, the palmprint to be matched can be simply rotated to guarantee that it is aligned with the registered palmprint it is being compared with.
2.4.3
Modified phase-only correlation: After correcting the rotation, a correlation based technique MPOC is used to compute a correlation plane that is used to determine the similarity between palmprint images. The correlation plane contains a maximum peak, see Fig. 5 , whose height depends on the similarity of the images, and it may also contain spurious peaks because of other factors, namely the degradations because of noise or motion blur. The similarity score (mpoc) is computed as the ratio between the value of the maximum correlation peak in the inside-lobe (inside-lobe(poc f,g (x, y))), that is, the area around the maximum, and the highest peak in the 'outside-lobe' (outside-lobe(poc f,g (x, y))), that is, the remaining area. Equations (9) and (10) represent the poc and mpoc functions where P f, g (u, v) is the normalised power-spectrum of images f and g
mpoc f ,g = arg max inside − lobe poc f ,g (x, y)
arg max outside − lobe poc f ,g (x, y) (10)
Decision
The decision module selects the best matching candidate or set of candidates from the database based on the computed matching scores. In many cases, the poor quality and incompleteness of some palmprints leads to relatively high matching errors or low similarity scores, and the best match may not correspond to the true subject. It is likely, nonetheless, that the true subject is one of the next best candidates. Therefore in this system the cumulative match ranks are also considered, and rank 1 and rank 10 results will be provided.
Results
In Section 3.1, the results obtained for the proposed system are presented. Section 3.2 compares the obtained results with those available in the literature.
The performance of the proposed system is evaluated by considering the percentage of correct identifications at ranks 1 to 10, the equal error rate (EER) and Daugman's decidability parameter [19] , d′, which assesses the separation between the matching score distributions of genuine subjects and impostors. Experiments were made with the PV-TEST-FULL, the PV-TEST-PARTIAL and the THUPALMLAB databases to evaluate the performance of the proposed system, by following the same testing methodology originally described in [7, 8] , but with more noise and motion blur test cases. For the PV-TEST databases, the following results were obtained: (i) EER = 19.42, d′ = 1.54 and recognition rates of 92.5% and 100.0% for rank 1 and rank 10, for full-to-full palmprint matching; and (ii) EER = 29.68, d′ = 1.00 and recognition rates of 70.0% and 100.0% for rank 1 and rank 10, for partial-to-full palmprint matching. Table 1 presents the results obtained for the proposed system using the THUPALMLAB database. As mentioned before, the original images of this database were cropped into quarters to create a 'partial' test set and be able to evaluate the system in the presence of partial palmprints. However, it should also be mentioned that although the partial palmprint set is referred to as being composed of palmprint quarters, the available area varies greatly, since the original palmprint images that were cropped into quarters in many cases contained blank areas because of acquisition problems.
The results for EER, d′ and percentage of correct identifications at ranks 1 and 10 obtained for full and partial undegraded palmprints and for several cases of palmprints degraded with noise or motion blur are presented. The increase of correct identifications for ranks 1 to 10 is shown clearly in the table. It can be seen that the true subject is frequently found in the top 10 matching score positions. The need to consider more than just the top rank identification is especially notable when working with heavily degraded palmprints. However, this may not be a problem in forensic scenarios, if the suspect can be effectively listed in the top 10 rank.
Discussion
In this section, the results obtained with the proposed solution are compared with other high resolution palmprint recognition systems that have been proposed in the literature. However, this comparison has some limitations, notably when tests are conducted for different operating conditions and/or for different databases.
The proposed solution's best results are included in Table 1 . For the experiment with full undegraded palmprints these results are: EER = 13.97%, d′ = 2.06. For undegraded partial palmprints, the proposed solution achieves EER = 22.5%, d′ = 1.57 and identification rates of 93.75 and 100.00% at ranks 1 and 10. As expected, performance decreases when the available palmprint surface area available for comparison is reduced. In particular, since PP-KMDR strategy depends on keypoints detection, its effectiveness is impaired by the reduction of the usable palmprint area. Furthermore, for partial palmprints, the matching score distributions for genuine and impostor www.ietdl.org subjects have larger overlaps, which results in performance degradation. As expected, this is related to the smaller number of extracted keypoints, which is more evident in partial palmprints that contain a very small area of palmprint texture, thus leading to a negative impact in the matching procedure, even for genuine subjects. In [1] , results for full and partial palmprint matching were reported. An EER of 1.00% and a rank 1 identification rate of 95.60% were presented for undegraded full palmprints, and rank 1 correct identification rates of 95.60 and 82.00% were obtained for partial palmprints. The experiments reported in [1] use different databases, making direct comparisons impossible. Nonetheless, the results for partial palmprints could indicate that the proposed system will perform better in constrained situations. On the other hand, in systems [2] [3] [4] [5] [6] , the THUPALMLAB database is used. In [2] , for full undegraded palmprints, an EER of 4.80% and rates of correct identifications at rank 1 and rank 10 of 91.70% and 94.30%, respectively, are obtained. These results are slightly worse than the ones of the proposed system. As for the minutiae-based systems [4] [5] [6] , EER values of 0.25%, 1.77% and <0.001% are achieved, respectively, showing a better performance in the absence of degradations. Preliminary tests regarding minutiae extraction from degraded palmprints with the fingerprint recognition software SourceAFIS [20] were made -see Fig. 6 . The tests revealed that for palmprints degraded with noise, a large number of spurious minutiae are extracted, while for palmprints degraded with blur, the orientation of the extracted minutiae becomes distorted and aligned with the direction of the blur. Although for palmprints degraded with noise the problem of selecting authentic minutiae prevails, for palmprints degraded with motion blur, true minutiae orientation is lost, compromising the use of this information for matching purposes. For these reasons, the performance of minutiae-based recognition systems with degraded palmprints is expected to be reduced. Experiments with palmprints degraded with Gaussian noise show that the fraction of correct identifications, EER and d′ deteriorate with the increase of noise variance, as expected. In [3] , a partial palmprint database was created by cropping full palmprints and degrading them with Gaussian noise with zero mean and σ = 0.04. The EER result obtained was 0.38%, lower than the values obtained with the proposed system, although the latter considers palmprints suffering a much more severe degradation.
In the experiments with salt and pepper noise, the results for noise densities p = 0.1 and p = 0.2 are very similar to the results for undegraded full palmprints. For p = 0.1, the fraction of correct identifications is even slightly better, which seems to indicate that undegraded palmprint images could benefit from the use of a median filter in the pre-processing step. For heavy salt and pepper degradation, p = 0.5, however, the system starts to fail more often in producing correct identifications. This was already expected since for higher noise density, larger than 0.3, algorithms especially designed for high noise density compensation should be used to restore the palmprint images. As for the experiments with palmprints degraded with motion blur, it can be seen that for small blur lengths, l = 5 pixel, the EER and d′ are very similar to the results obtained with undegraded palmprints. As the blur length increases, the degradation gets more severe, the EER increases to more than 30% and the matching score distributions for genuine and impostor subjects become more overlapped.
The results for partial palmprints degraded with blur can be compared with the work done in [3] for blurred partial palmprints. They used a degradation of l = 22 pixel and θ = 0°. Until now, only degraded palmprints affected by one type of degradation were considered. Following the concept of the system (Fig. 1) , in which noise and blur can coexist and be compensated, some tests were made for the PP-KMDR path, regarding two simultaneous degradations affecting the same palmprint. It was concluded that it is not easy to estimate the blur because the stripes in the transform of the palmprint image (Fig. 2b) become faded because of the presence of noise, as illustrated in Fig. 7 . That being the case, it is not easy to do a direct detection of the stripes and to apply the proposed compensation technique, and further work on this aspect is required.
Conclusions
In this work, two biometric recognition systems that use high resolution palmprints previously proposed by the authors are combined in a single adaptive solution. Incompleteness and degradations modelled by Gaussian or salt and pepper noise or caused by motion blur are dealt with.
Experiments revealed that the quality of the palmprints is determinant to the recognition results. It is impossible to fully restore a heavily degraded and incomplete palmprint image to its undegraded original form. Nonetheless, in forensic scenarios, as well as in several other applications, even a small improvement in the quality of the print may be of great significance.
From the obtained results, large differences were observed in comparison with systems tested using different databases. The database considered for this work contains about 20% of very poor quality palmprint images, which necessarily leads to poorer results than when considering palmprints acquired in nearly ideal conditions. The recognition results are obviously better for less degraded images. The same happens with partial palmprints where the available textured area is smaller. Nonetheless, the rates of correct identification, especially for mild degradation, are interesting.
As for systems using the same database, it is shown that minutiae-based systems obtain higher matching accuracy than the proposed system for full palmprint matching without degradation. However, in scenarios where degradation is present in the palmprints, the extraction of minutiae in those systems may not perform as well, which would degrade the performance of those systems.
The technique for motion blur detection and compensation integrated in the PP-KMDR path of the system works well for full palmprints degraded with blur lengths between 5 and 10 pixels. For heavier degradations, however, the probability of getting a wrong identification increases fast. For the particular case of partial palmprints degraded with blur, the PP-RIDER path performs better.
Still, the problem found for palmprints degraded with noise and motion blur was only superficially studied and further experiments need to be done with the combined system proposed in this work to determine if, for instance, the PP-RIDER path is able to effectively deal with this problem. Moreover, the degree of incompleteness, that is, the minimum textured area, for which the PP-KMDR technique starts to fail in the case of severe motion blur should be investigated, to improve the efficiency of the selection module.
To the best of the authors' knowledge, little work has been done regarding degraded palmprint matching. In this paper, complete results obtained with a new system that incorporates the previous proposals of the authors reported in [7, 8] , for which only preliminary results had been published, are presented. Future work on high resolution palmprint recognition in forensic context includes testing the proposed solution with a latent palmprint database to evaluate the performance of the system when dealing with palmprints subjected to real degradations.
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